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METHOD OF ASSESSING DEGREE OF 
ACOUSTIC CONFUSABILITY, AND SYSTEM 

THEREFOR 

BACKGROUND OF THE INVENTION 

1. Field of the Invention 
The present invention relates to a system predicting 

acoustic confusability of text phrases and audio data that is 
speech-recognition system independent. In particular, the 
system predicts speech recognizer confusion Where utter 
ances can be represented by any combination of a text form 
(text phrase/spelled form) and an audio ?le (audio data/ 
phrase). For example: 

Case 1: acoustic confusability predicted betWeen tWo text 
phrases; and 

Case 2: acoustic confusability predicted betWeen tWo 
utterances, each of Which may be represented either as a text 
phrase or an audio ?le. 

2. Description of the Related Art 
Using Acoustic Confusability Information in Voice Appli 

cation Software: 
Voice application softWare use speech recogniZers to 

provide a voice user interface. For example, a voice appli 
cation providing voice messaging uses a speech recogniZer 
to process user voice commands such as “play message” and 
“save message.” In another example, a voice application 
providing voice messaging uses a speech recogniZer to voice 
enroll names in an address book. In the context of speech 
recogniZers, spoken phrases are deemed confusable if they 
sound alike. Typical voice application softWare use infor 
mation on When the speech recogniZer Will confuse spoken 
phrases (i.e., also referred to as acoustic confusability by the 
speech recogniZer). The capability of predicting acoustic 
confusability can be used by a voice application, for 
example, to alert a user to choose a different name When 

voice enrolling names in the address book, thereby reducing 
the risk of inef?cient or inaccurate voice command process 
ing by the voice application. 

Spoken phrases that control a voice user interface of a 
voice application can have very similar pronunciations, but 
actually refer to different actions or persons. TWo spoken 
phrases can confuse a speech recogniZer due to similarities 
in pronunciations of the tWo spoken phrases. For example, 
the speech recogniZer might confuse spoken phrases such as 
“Jill” and “Phil,” although only half of the letters in the text 
form of utterances (Words/phrases) “Jill” and “Phil” are the 
same. In another example, the speech recogniZer might 
confuse “reply” spoken by one speaker With “repeat” spoken 
by another speaker having a dialect that reduces ?nal 
syllables. 
Some typical speech recogniZers recogniZe a spoken 

phrase by comparing the spoken phrase to a designed list of 
utterances (Words/phrases) represented as audio ?les. For 
example, one type of typical speech recogniZer recogniZes a 
spoken phrase by ?nding the most similar phrase in its list 
of phrases With a given spoken phrase. Avoiding adding 
phrases on the list that may be confusable With each other 
reduces the possibility that the speech recogniZer Will erro 
neously recogniZe a given spoken phrase (i.e., one that 
appears on the list) as a different spoken phrase on the list, 
a mistake knoWn as a substitution error. Phrases can be 

added to the list as folloWs: providing utterances represented 
as text forms, providing utterances represented as audio ?les 
(by speaking and recording the spoken phrase), and a 
combination of text form and audio ?le of utterances. 

15 

25 

35 

40 

45 

55 

65 

2 
Speech recogniZers include algorithms to predict the acous 
tic similarity of tWo spoken phrases. The typical algorithms 
compare sets of acoustic measures to classify sounds in the 
spoken phrases. HoWever, these algorithms do not predict 
acoustic similarity betWeen text forms of utterances, and 
thereby cannot compare one utterance represented as an 
audio ?le to a text form of another utterance to predict 
similarity of the one utterance represented as the audio ?le 
to spoken examples of the text form of the other utterance. 

Although typical speech recogniZers compare sets of 
acoustic measures to classify sounds in spoken phrases, text 
forms of utterances can also be used to predict confusability 
of the text forms When spoken. HoWever, for some lan 
guages, such as English, pronunciation similarities may not 
be obvious from the text forms (i.e., spelling) of utterances 
because there may not be a direct correspondence betWeen 
the spelling and the pronunciation. In contrast, similarities in 
pronunciation can be more apparent from comparisons 
betWeen phonetic transcriptions of utterances (existing 
speech recogniZers use various equivalent phonetic repre 
sentations) than from examination of the spellings of the 
utterances. In a language, phonetic transcriptions represent 
pronunciations by using different symbols to represent each 
phoneme, or sound unit (i.e., string of phonemes or phonetic 
symbols). HoWever, phonetic transcriptions alone, or strings 
of phonemes, are not suf?cient to predict confusability for 
the folloWing reasons: ?rst, because speech recogniZers do 
not compare phonetic symbols, but instead, compare sets of 
acoustic measures to classify sounds as spoken phrases. 
Second, in many instances, different phonemes, such as the 
voWel in “pin” and the voWel in “pen,” may be acoustically 
similar (the sounds are similar), but represented by phonetic 
symbols that are different. For example, phonetic transcrip 
tions of the Words “pin” and “pen” differ by 33% (one of 
three phonemes), but can still be confusable by a speech 
recogniZer because of the acoustic similarity of the voWels. 

Typical acoustic confusability methods used by speech 
recogniZers have a disadvantage because the typical acoustic 
confusability methods compare audio ?les With audio ?les. 
As a result, typical acoustic confusability methods are only 
useful in an application Where only voice utterances (utter 
ances represented as audio ?les) are used. For example, if 
names can be entered into a voice-controlled address book 

only by voice enrollment, then typical methods can be used 
to detect confusability among the address book entries. 
HoWever, the typical acoustic confusability methods Would 
not be useful in an application Where voice and text are 
mixed. If names can be entered into an address book either 
by text or by voice, a method is needed to compare a text 
name to a voice name, so that names from a text enrolled 

address book can reliably (and not confusingly) be added to 
a voice enrolled address book. In the case of entering a name 
by voice, a method is needed to predict acoustic confusabil 
ity betWeen an utterance represented as an audio ?le and an 
utterance represented as a text form to compare the neWly 
added voice name to the text enrolled names already in the 
address book. In the case of entering a name by text, a 
method is needed to predict acoustic confusability betWeen 
a an utterance represented as a text form and an utterance 

represented as an audio ?le to compare the neWly added text 
name to the voice enrolled names already in the address 
book. 

Typical acoustic confusability methods that compare 
audio ?les With audio ?les have another disadvantage as 
folloWs: speech recognition can be either speaker indepen 
dent or speaker dependent. When providing text to a speech 
recogniZer, the techniques used to recogniZe speech Would 
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be speaker independent. When providing audio ?les to a 
speech recognizer, the techniques used to recognize speech 
can be either speaker independent or speaker dependent. 
HoWever, speech recognition by typical speech recogniZers 
is likely to be speech recogniZer dependent (i.e., speaker 
dependent) When the speech recogniZer is provided a com 
bination of text phrases and audio ?les because the typical 
speech recognition system algorithms do not predict acous 
tic similarity (recogniZe speech) betWeen a combination of 
a text form of an utterance and an audio ?le of an utterance 

by directly using the text form. Typical speech recognition 
system algorithms Would convert text to speech, so that tWo 
audio ?les can be compared. Such conversion can cause 
speech recognition to be speech recognition system depen 
dent. Therefore, a more reliable method to predict acoustic 
confusability is needed When using a combination of a text 
phrase and an audio ?le. 

Using Acoustic Confusability Information When Devel 
oping Voice Application Software: 
A voice user interface (i.e., a call ?oW) is developed or 

generated using text phrases representing voice commands. 
Acoustic confusability predictability information can, for 
example, be used When developing voice applications to 
avoid using a voice command in a call ?oW that may be 
confusable With other voice commands, for efficient, accu 
rate and reliable call ?oW processing (voice command 
differentiation) by the voice application speech recogniZer. 
HoWever, typical speech recogniZers compare sets of acous 
tic measures to classify sounds in spoken phrases, and do not 
directly use text phrases (i.e., not tied to comparing recorded 
speech signals) to predict acoustic confusability. Therefore, 
a process for development of a voice user interface typically 
includes counting syllables and comparison of voWels of the 
text phrases to select text phrases that are likely to be 
acoustically distinct (i.e., not confusable) When spoken as 
commands. To improve call ?oW processing using the 
typical acoustic confusability methods used by the speech 
recogniZers Would require, for example, text-to-speech con 
versions, Which may not be ef?cient or practical. If acoustic 
confusability of text phrases representing voice commands 
can be predicated by directly using the text phrases, 
improved, more robust, and reliable voice user interfaces 
can be developed or generated. 

Acoustic Distinctiveness of Spoken Phrases: 
The acoustic distinctiveness of spoken phrases has been 

Well understood for many years. The “landmark” theory of 
Stevens is one body of Work that encapsulates much of What 
has been discovered about the acoustics of speech. Stevens, 
Kenneth, N., From Acoustic Cues To Segments, Features, 
and Words, Proc. 6th International Conference on Spoken 
Language Processing (ICSLP 2000), Beijing China, Oct. 
16—20, 2000—pp. 1—8; Stevens, K. N (1992) Lexical access 
from features, MIT Speech Communication Group Working 
Papers, VIII, 119—144; and Stevens, K. N., Manuel, S. Y., 
Shattuck-Hufnagel, S., and Liu, S. (1992), Implementation 
of a model for lexical access based on features, in J. J. 
Ohala, T. M. Nearey, G. L. DerWing, M. M. Hodge, and G. 
E. Wiebe (Eds.), Proceedings of the 1992 International 
Conference on Spoken Language Processing, Edmonton, 
Canada: University of Alberta—pp. 499—502 (hereinafter 
Stevens and the contents of Which are hereby incorporated 
by reference). 

Landmarks are points in a spoken phrase around Which 
one may extract information about the underlying distinctive 
acoustic features Landmarks mark perceptual foci 
and articulatory targets. One type of landmark is linked to 
glottal activity and can be used to identify vocalic segments 
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4 
of the speech signal. Other landmarks identify intervals of 
sonorancy, i.e. intervals When the oral cavity is relatively 
unconstricted. The most common landmarks are acoustically 
abrupt and are associated With consonantal segments, e.g., a 
stop closure and release. 

Others have implemented methods to extend Stevens’ 
landmark theory. Bitar, N., and Espy-Wilson, C. (1995), A 
signal representation of speech based on phonetic features, 
Proceedings of IEEE Dual-Use Technology and Applica 
tions Conference, 310—315 (hereinafter Bitar); and Auto 
matic Detection of manner events based on temporal param 
eters, Proc. Eurospeech, September. ’99, pp. 2797—2800 
(hereinafter Salomon) (the contents of Which are hereby 
incorporated by reference). Salomon has developed the 
folloWing AFs as acoustic events: the manner-of-articulation 
or phonetic features (sonorant, syllabic, fricative, and con 
sonantal) and the place-of-articulation phonetic or nonsyl 
labic features (labial, alveolar, and velar for stops; and 
palatal and alveolar for strident fricatives). Some acoustic 
events, such as the ones associated With the phonetic feature 
sonorant, segment the speech signal into regions. Others, 
such as those associated With nonsyllabic features, mark 
particular instants in time. From the Salomon AFs, the 
folloWing tWelve speech classes can be detected from the 
physical signal: syllabic voWel, syllabic nasal, syllabic liq 
uid, semivoWel, nasal, palatal fricative, alveolar fricative, 
affricate, labial stop, alveolar stop, velar stop, and Weak 
fricative. A series of speech recognition experiments by 
Salomon illustrate robustness of the acoustic events based 
on AFs. Results disclosed in Salomon indicate that com 
pared to traditional speech recognition processing, such as 
spectral processing With a state-of-the-art Hidden-Markov 
Model, the AFs can (a) better target the linguistic informa 
tion in a speech signal, and (b) reduce inter-speaker vari 
ability. Therefore, the AF s can be used by voice applications 
When predicting acoustic confusability that is speaker-inde 
pendent. 

SUMMARY OF THE INVENTION 

The present invention provides a method and system 
therefore of predicting When a speech recogniZer Will con 
fuse “spoken phrases.” More particularly, the present inven 
tion provides a method and system therefore of predicting 
When a speech recogniZer Will confuse “spoken phrases” 
Where utterances can be represented by any combination of 
text form (text phrase/spelled form) and an audio ?le (audio 
data/phrase, conventional recorded speech signals/data). A 
“spoken phrase” refers to an utterance (Word/phrase) spo 
ken, for example by a user, to a speech recogniZer during 
operation. A “text form” refers to a textual form of an 
utterance (text phrase) to be recogniZed/heard by the speech 
recogniZer. An audio ?le refers to an acoustic form of an 
utterance to be recogniZed/heard by the speech recogniZer 
(i.e., training from acoustic examples). Therefore, utterances 
are spoken phrase representations, Which can be represented 
as either an audio ?le or a text form to be recogniZed/heard 
by a speech recogniZer. The present invention provides 
receiving a pair of spoken phrase representations (i.e., any 
combination of a text form of a spoken phrase and an audio 
?le of a spoken phrase to be recogniZed by a speech 
recogniZer), and representing the pair of spoken phrase 
representations With an intermediate representation that 
directly re?ects the acoustic distinctiveness, or inversely, 
similarity of the pair of spoken phrase representations. In the 
present invention, the intermediate representation is not tied 
to pre-recorded speech signals, thereby providing a method 
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and system to predict confusability of spoken phrases that 
can be speaker independent and situation independent (i.e., 
confusability may be predicted even When background noise 
is present or When background noise conditions are poor or 
changing). The present invention’s choice of intermediate 
representation is useful in providing speaker independent 
and situation independent speech recognition and acoustic 
confusability information. 

Further, the present invention provides a method and 
system to predict When a speech recogniZer Will confuse 
spoken phrases by directly using teXt forms of the spoken 
phrases. Therefore, the method and system according to the 
present invention can predict When a speech recogniZer Will 
confuse spoken phrases Without access to audio ?le 
eXamples and not tied to comparing pre-recorded speech 
signals. 

Further, the present invention provides a method and 
system to predict When a speech recogniZer Will confuse 
spoken phrases by directly using one teXt form of a spoken 
phrase and an audio ?le of the spoken phrase. Therefore, the 
method and system according to the present invention can 
predict When a speech recogniZer Will confuse spoken 
phrases by directly using at least a teXt form of a spoken 
phrase. 

Further, the present invention provides a method and 
system to predict When a speech recogniZer Will confuse 
spoken phrases in a telephony application, directly using one 
teXt form of a spoken phrase and an audio ?le of the spoken 
phrase. 

Further, the present invention provides a method and 
system to predict When a speech recogniZer Will confuse any 
pair combination of a teXt form of a spoken phrase and an 
audio ?le of a spoken phrase. 

Further, the present invention provides a method and 
system to predict When a speech recogniZer Will confuse 
spoken phrases by directly using teXt forms of the spoken 
phrases and strings of phonemes as an intermediate repre 
sentation of the teXt forms. Further, the present invention can 
be attained by representing each teXt form With correspond 
ing strings of phonemes and as a measure of the predicting 
transforming in a least cost value one of the strings of 
phonemes into another of the strings of phonemes. 

Further, the present invention provides a method and 
system to predict When a speech recogniZer Will confuse 
spoken phrases by directly using one teXt form of a spoken 
phrase and one audio ?le of the spoken phrase, the teXt form 
and the audio ?le being further represented, as intermediate 
representations, With corresponding sequences of acoustic 
events. The present invention can be attained by represent 
ing a pair of representations of spoken phrases (i.e., any 
combination of a teXt form of a spoken phrase and an audio 
?le of a spoken phrase to be recogniZed by a speech 
recogniZer) With corresponding sequences of acoustic events 
based on phonetic capabilities of speakers obtained from 
acoustic signals of the pair of representations, matching the 
sequences of acoustic events, and predicting When a speech 
recogniZer Will confuse the spoken phrases according to the 
matching. The predicting is according to a formula ZK/(T), 
Wherein K is a number of matched acoustic events from the 
matching and T is a total number of acoustic events. 

Further, the present invention provides a method and 
system to predict When a speech recogniZer Will confuse tWo 
spoken phrases by using any pair combination of a teXt form 
of a spoken phrase and an audio ?le of a spoken phrase by 
any speaker, thereby the method and system being speaker 
independent. 
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6 
Further, the present invention provides a method and 

system to predict When a speech recogniZer Will confuse tWo 
spoken phrases by using any pair combination of a teXt form 
of a spoken phrase and an audio ?le of a spoken phrase under 
any acoustic conditions, thereby the method and system 
being situation or environment independent. 

Further, the present invention provides a method and 
system to predict When a speech recogniZer Will confuse 
spoken phrases in any language, thereby the method and 
system being language independent. 

Further, the present invention provides a method and 
system to assign a cost to each operation of a transformation 
rule to transform one string of phonemes into another string 
of phonemes. 

Further, the present invention provides a method and 
system to determine a confusability threshold value used to 
determine When a speech recogniZer Will confuse tWo spo 
ken teXt phrases. The present invention can be attained by a 
computer system programmed/con?gured to calculate an 
acoustic confusability measure as a least cost to transform a 

?rst string of phonemes corresponding to a ?rst teXt phrase 
to a second string of phonemes corresponding to a second 
teXt phrase, the system further comprising a processor 
programmed/con?gured to determine confusability of 
example pairs of audio ?les using a speech recogniZer, and 
to calculate a confusability threshold value based upon the 
determined confusability, the threshold value compared to 
the least cost to determine When a speech recogniZer Will 
confuse the tWo teXt phrases When spoken to the speech 
recogniZer. 
The processes according to embodiments of the present 

invention can be implemented in softWare controlling a 
computer system (such as computing devices and personal 
computers) to perform the processes. Additional advantages 
of the invention Will be set forth in part in the folloWing 
description and, in part, Will be obvious from the descrip 
tion, or may be learned by practice of the invention. 

BRIEF DESCRIPTION OF THE DRAWINGS 

These and other objects and advantages of the invention 
Will become apparent and more readily appreciated from the 
folloWing description of the preferred embodiments, taken 
in conjunction With the accompanying draWings of Which: 

FIG. 1 is a How diagram of a ?rst embodiment of softWare 
according to the present invention. 

FIG. 2 is a block diagram of a computer system in Which 
the ?rst embodiment of the present invention is imple 
mented. 

FIG. 3 is a How diagram of a second embodiment of 
softWare according to the present invention. 

FIG. 4 is a How diagram of a process according to the 
second embodiment to represent teXt representation of a 
spoken phrase With corresponding sequences of AFs and 
AMs. 

FIG. 5 is a How diagram of another process according to 
the second embodiment to represent a spoken phrase With 
corresponding sequences of AFs and AMs. 

FIG. 6 is an eXample calculation of acoustic confusability 
based on acoustic measures of the phrases in FIGS. 3 and 4. 

FIG. 7 is a block diagram of a computer system in Which 
the second embodiment of the present invention is imple 
mented. 
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DESCRIPTION OF THE PREFERRED 
EMBODIMENTS 

Reference Will noW be made in detail to the present 
preferred embodiments of the present invention, examples 
of Which are illustrated in the accompanying drawings, 
Wherein like reference numerals refer to the like elements 
throughout. The embodiments are described beloW in order 
to explain the present invention by referring to the ?gures. 

First Embodiment (case 1): 
A ?rst embodiment (case 1) of the present invention 

provides a method and system to predict When a speech 
recogniZer Will confuse spoken phrases by directly using 
text representations of utterances. Therefore, the method and 
system according to the present invention can predict When 
a speech recogniZer Will confuse spoken phrases Without 
access to audio ?les (spoken examples) and not tied to 
comparing pre-recorded speech signals. 

FIG. 1 is a How diagram of a process to predict acoustic 
confusability according to the ?rst embodiment. The ?rst 
embodiment predicts the confusability betWeen tWo text 
phrases When spoken. In FIG. 1, at 100 and 102 each text 
phrase is converted to a corresponding string of phonemes. 
Any available or conventional transcription method may be 
used at 100 and 102. For example, a text phrase can be 
transformed into a corresponding string of phonemes the 
folloWing three Ways: a conventional softWare tool, such as 
a commercially available dictionary of phonemes, can be 
used at 100 and 102 to search the corresponding strings of 
phonemes associated With the text phrases. Further, a con 
ventional text-to-phoneme algorithm may be used to trans 
form a text phrase into a string of phonemes. The text-to 
phoneme algorithm may be useful When a text phrase is not 
listed in a text-to-phoneme dictionary. Further, a phoneme 
string may be determined heuristically from the text repre 
sentation by a phonetician. 

The present invention de?nes the confusability of tWo text 
phrases When spoken based on the cost of transforming one 
of the strings of phonemes into another of the string of 
phonemes. The present invention applies a conventional 
“Minimum String Edit Distance” (String Edit Distance) 
algorithm to the tWo strings of phonemes representing the 
tWo text phrases to determine the distance betWeen the tWo 
strings of phonemes. In FIG. 1, at 104 the “Minimum String 
Edit Distance” betWeen the tWo phoneme strings is calcu 
lated to determine hoW different are the tWo phoneme strings 
according to a series of transformations. The distance 
betWeen the tWo strings of phonemes can represent a “cost” 
to change one string of phonemes into another string of 
phonemes according to the transformation, the “cost” pro 
viding an acoustic confusability measure (discussed in more 
detail beloW). The transformations specify operations to 
transform one string of phoneme into another string of 
phonemes. Representative transformations include INSERT 
(inserting a neW phoneme symbol anyWhere), DELETE 
(deleting a phoneme symbol) and SUBSTITUTE (replacing 
any one phoneme symbol With another phoneme symbol). 
Using these transformations, the phoneme string “X Y Z Z 
Y” can be transformed into “A Y Z Y” by, for example, 
substituting A for the initial X and then deleting the ?rst Z. 
Of course, there are other Ways of applying the sequence of 
transformations, and other transformations may be de?ned. 

Standard “Minimum String Edit Distance” algorithms as 
implemented in softWare (by a dynamic programming algo 
rithm) can be used to calculate the “Minimum String Edit 
Distance” at 104. For example, Wagner, R A and Fischer, M 
J (1974), The string-to-string correction problem, Journal of 
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the Association for Computing Machinery, 21, 168—173; and 
Cormen, Leiserson, and Rivest (1990), Introduction toAlgo 
rithms, Cambridge, Mass.: MIT Press (the contents of Which 
are hereby incorporated by reference), describe “Minimum 
String Edit Distance” algorithms. Using a Minimum String 
Edit Distance algorithm, the distance betWeen the strings of 
phonemes can be calculated as a “cost” to transform the ?rst 
string of phonemes into the second string of phonemes 
according to a transformation. More particularly, the algo 
rithm can determine the optimal (loWest or least cost) Way 
to change one string of phonemes into another string of 
phonemes. The “cost” can be based upon the folloWing: the 
minimum number of transformations. By this measure, the 
cost of the exemplary transformation above is 2. Further, 
each type of transformation may be assigned a cost. For 
example, if any deletion costs 10 and any substitution costs 
20, then the cost of the exemplary transformation above is 
30. Further, costs can be assigned on a phoneme-by-pho 
neme basis for each operation. For example, to ADD a 
particular phoneme may cost a number of units and to ADD 
another phoneme may cost a different number of units. For 
example, the “cost” of a DELETE can depend on What 
phoneme symbol is deleted, and the “cost” of a SUBSTI 
TUTE can depend on both the phoneme symbol that is 
changed and the neW phoneme symbol to be substituted. 
The ?rst embodiment of the present invention de?nes 

confusability of tWo text phrases When spoken based on a 
cost of transforming a string of phonemes corresponding to 
a ?rst text phrase into another string of phonemes corre 
sponding to a second text phrase. When costs are assigned 
on a phoneme-by-phoneme basis for each operation of a 
transformation, in the preferred ?rst embodiment of the 
present invention such costs are assigned based on acoustic 
similarity or dissimilarity of a pair of phonemes subject to an 
operation of the transformation rule. For example, the more 
acoustically similar a pair of phonemes, the loWer the cost, 
Which Would be assigned. Conversely the more acoustically 
distinct the pair of phonemes, the higher the cost, Which 
Would be assigned. Using the exemplary transformation rule 
discussed above, the cost to SUBSTITUTE a phoneme 
corresponding to ‘m’ With a phoneme corresponding ‘n’ may 
be loW because of a high acoustic similarity of these 
phonemes. Using such a cost assignment process, a higher 
cost Would suggest less confusability and a loWer cost Would 
suggest more confusability. For example, a Zero cost Would 
indicate total confusability or identical spoken phrases. 
Conversely, as the cost increases toWard in?nity, the spoken 
phrases Would be deemed more distinct. 

The transformation cost is used as a measure of confus 
ability. In FIG. 1 at 106 the calculated cost at 104 is 
compared to a threshold to determine acoustic confusability 
of text phrases When spoken. The threshold can be applica 
tion dependent With different applications requiring different 
thresholds. A calculated cost at 104 above the threshold 
Would indicate that the text phrases When spoken are dis 
tinct. A calculated cost at 104 beloW the threshold Would 
indicate that the text phrases When spoken are confusable. 
The ?rst embodiment of the present invention uses pho 

neme strings of text phrases as intermediate representation 
of the text phrases. The distance metric represents the 
acoustic distinctiveness of phonemes, that is, hoW different 
the phonemes sound. Although, an alternate method to 
directly using text phrases to predict acoustic confusability 
of the text phrases When spoken Would be to use speech 
signals generated by commercially available text-to-speech 
(TTS) softWare and using a conventional speech recogniZer 
to compare spoken phrases; such a process has disadvan 
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tages as follows: a speech recognizer cannot use the speech 
(audio ?le) produced by a TTS in a useful Way for speech 
recognition because of the quality of the speech. Further, 
using TTS limits acoustic confusability prediction by tying 
the prediction to measures of acoustic similarity imple 
mented in the particular speech recognition system. 

The present invention advantageously provides the fol 
loWing: a reliable prediction of confusability independent of 
any particular speech recognition system. Further, the 
present invention provides a reliable prediction of confus 
ability that is language independent. Further, the present 
invention provides confusability predictability betWeen text 
phrases When spoken, Which has applications such as, for 
example, text-enrolling names from an address book soft 
Ware to a voice-enrolled address book of a voice messaging 
system or assisting voice application developers in devel 
oping more accurate voice user interfaces by avoiding using 
voice commands confusable by the speech recogniZer. 
As discussed above, given a transformation rule and a set 

of costs for each operation of the transformation rule, a 
Minimum String Edit Distance algorithm can quickly cal 
culate the distance betWeen tWo strings of phonemes. The 
Minimum String Edit Distance algorithm can provide a cost 
to transform the ?rst string of phonemes into the second 
string of phonemes according to the transformation rule and 
the set of costs. Confusability of text phrases When spoken 
can be determined by comparing the calculated cost to a 
predetermined threshold. Therefore, there is also a need for 
a method and system to provide the set of costs input to the 
Minimum String Edit Distance algorithm as Well as to 
generate/calculate the predetermined threshold, as folloWs: 

1. Generating the Cost Matrix: 
As discussed above, the costs on a phoneme-by-phoneme 

basis associated With each transformation operation, such as 
the INSERT, DELETE and SUBSTITUTION operations, 
are preferably tied to the characteristics of the phonemes. 
Therefore, a cost matrix can be generated the folloWing 
Ways: 

For example, a phonetician can generate a cost matrix of 
phoneme pairs similar to a phonetician creating transcription 
for a text-to-phoneme dictionary. This method may be 
preferable because the predictability information Will be 
completely or substantially speaker and speech recogniZer 
independent. 

Further, costs can be assigned based on acoustic similarity 
or dissimilarity of a pair of phonemes using a conventional 
speech recogniZer. Although, predictability information Will 
still be speaker and speech recogniZer independent, 
increased use of the speech recogniZer may cause the 
predictability information to become speech recogniZer 
dependent. A typical speech recogniZer includes mathemati 
cal models of phonemes used for training the speech rec 
ogniZer. The costs can be assigned based upon similarity or 
dissimilarity of these models. Further, costs can be calcu 
lated from arbitrary pairs of audio ?les and using the speech 
recogniZer. The pairs of audio ?les can be input to the speech 
recogniZer to determine a value based upon the speech 
recogniZer confusing and not confusing audio ?les of the 
pairs. The determined value should be output When using the 
Minimum String Edit Distance algorithm at 104. Therefore, 
the determined value from using the speech recogniZer can 
be used to reverse calculate (e.g., via least square approxi 
mation) costs in a phoneme-pair cost matrix. Further, costs 
can be calculated through experimentation using crafted 
audio ?les and using the speech recogniZer. For example, 
inputting audio ?les for tWo utterances “I like hills” and “I 
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10 
bike hills” into a speech recogniZer set to recogniZe “I like 
hills” can be informative on the cost of substituting phoneme 
“b” for phoneme “I.” Changing the second audio ?le to “I 
like halls” can be informative on substituting phoneme “ah” 
for “ih.” Changing the second audio ?le to “I like hill” can 
be informative on deleting phoneme “Z.” And so forth. 

Further, costs can be assigned based on acoustic similarity 
or dissimilarity of a pair of phonemes as disclosed, for 
example, in Greenberg, S. (2000), Understanding Spoken 
Language using Statistical and Computational Methods, 
Presented at Patterns of Speech Sounds in Unscripted Com 
munication—Production, Perception, Phonology, Akademie 
Sandelmark, Germany, October 8—11; and Greenberg, S., 
and S. Chang. (2000), Linguistic Dissection of Switchboard 
Corpus: Automatic Speech Recognition Systems, Presented 
at the ISCA Workshop on Automatic Speech Recognition: 
Challenges for the NeW Millennium, Paris, Sep. 18—20, 
2000 (the contents of Which are hereby incorporated by 
reference). This method may be preferable because the 
predictability information Will be completely or substan 
tially speech recogniZer independent (i.e., speaker indepen 
dent). 
2. Determining a Threshold: 

As discussed above, the calculated cost at 104 is com 
pared to a threshold at 106 to determine acoustic confus 
ability of text phrases When spoken. The threshold can be 
determined a folloWs: pairs of audio ?les can be input to a 
speech recogniZer to assign a confusability value based upon 
the speech recogniZer confusing spoken phrases correspond 
ing to the pairs. A threshold or a threshold range can be 
determined based upon the examples of pairs of audio ?les 
determined to be confusable by the speech recogniZer. 
Conversely pairs of audio ?les can be input to a speech 
recogniZer to assign a distinctiveness value based upon the 
speech recogniZer not confusing the spoken phrases of the 
pairs. Similarly, a threshold or a threshold range can be 
determined based upon the examples of pairs of audio ?les 
determined not to be confusable by the speech recogniZer. 

FIG. 2 is a block diagram of an exemplary computer 
system in Which the ?rst embodiment of the present inven 
tion can be implemented. Platform 120 may be a conven 
tional computing device, personal computer or other com 
puter system, such as a voice messaging system. Such voice 
message systems are available from Comverse NetWork 
Systems, Inc., Wake?eld, Mass., assignee of the present 
application, under the tradenames AccessNP® or Trilogue 
IN?nityTM enhanced services platforms. Application control 
122 is softWare executing on platform 120 and using acous 
tic confusability information. For example, application 122 
can be grammar checker softWare to develop voice appli 
cations (i.e., call ?oWs). The confusability detector 124 is 
softWare implementing the processes of the ?rst embodi 
ment of the present invention. Confusability detector 124 
uses dictionary 126 to search strings of phonemes to provide 
intermediate representation of text phrases subject to con 
fusability assessment. For example, the confusability detec 
tor 124 can be used to check voice commands input by a 
developer developing a voice user interface. The input voice 
commands, Which are typically text representations of spo 
ken phrases, can be compared With text phrases in database 
128 to alert the developer When a voice command may be 
confusable With other voice commands already input. Appli 
cation 122 responsive to the confusability detector 124 can 
recommend distinct voice commands or recommend against 
use of confusable voice commands. 
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Second Embodiment (Cases 1 and 2): 
A second embodiment (cases 1 and 2) of the present 

invention provides a method and system to predict When a 
speech recognizer Will confuse spoken phrases by using any 
combination of spoken phrase representations of a text form 
and an audio ?le, and a sequence of Acoustic Features (AF s) 
as an intermediate representation of the spoken phrase 
representations and as a metric of distinctiveness. The 
present invention can, for example, use the AFs disclosed by 
Stevens and Salomon. These Acoustic Features re?ect the 
primary acoustic characteristics of spoken phrases. Similari 
ties in strings of AFs correspond to similarities in pronun 
ciation and therefore to confusability by a speech recogniZer. 
The method can be used to calculate a “confusability metric” 
betWeen any combination of a pair of spoken phrase repre 
sentations (i.e., any combination of a text form of a spoken 
phrase and an audio ?le of a spoken phrase to be recogniZed 
by a speech recogniZer). 

FIG. 3 is a How diagram of a process to predict acoustic 
confusability according to the second embodiment. The 
second embodiment predicts the confusability betWeen any 
tWo representations of spoken phrases. In FIG. 3, at 130 the 
AFs of a pair of representations of spoken phrases are 
determined. The AFs of a text form of a spoken phrase can 
be determined in one of three Ways: by lookup in a database 
(a dictionary of AFs of names and phrases); by calculation 
using conventional letter-to-sound algorithms; or by a com 
bination of text-to-speech conversion from text form to an 
audio ?le folloWed by automatic calculation of the AFs by 
softWare such as that described in Liu, S. (1995), Landmark 
Detection for Distinctive Feature-based Speech Recogni 
tion, Ph.D. Thesis, Cambridge, Mass.: Massachusetts Insti 
tute of Technology (hereinafter Liu) or in Salomon (the 
contents of Which are hereby incorporated by reference). 

The AFs of an audio ?le of a spoken phrase can be 
determined by using, for example, the Liu and Salomon 
softWare. 

The AFs determined at 130 can be the folloWing: Syllabic 
VoWel, Syllabic Nasal, Syllabic Liquid, SemivoWel, Nasal, 
Palatal Fricative, Alveolar Fricative, Affricate, Labial Stop, 
Alveolar Stop, Velar Stop, Weak Fricative. The onset and the 
offset of each of the syllabic and fricative AFs are marked by 
+AF and —AF, respectively, Where AF represents one of the 
AFs. 

In addition to the AFs, tWo additional Acoustic Measures 
(AMs) are needed for the calculation of confusability from 
an acoustic signal. The tWo AMs are derived (computed) 
from the fundamental frequency (F0) of the portions of the 
signal that are periodic, the frequency of the loWest-fre 
quency spectral peak (F1), and the frequency of the second 
loWest-frequency spectral peak (F2) as folloWs: F1-F0 and 
F2-F1. These tWo computed AMs of spectral energy are 
chosen because they are speaker-independent, and therefore 
can be used When comparing AFs computed from audio ?les 
of spoken phrases to AFs computed from text forms of 
spoken phrases. See Syrdal, A. (1984), Aspects of an audi 
tory representation of American English vowels, Speech 
Communication Group Working Papers, Vol. IV, Research 
Laboratory of Electronics, Massachusetts Institute of Tech 
nology, 27—41 (the contents of Which are hereby incorpo 
rated by reference). 

The computed AMs F1-F0 and F2-F1 distinguish voWel 
identity Within the syllabic voWels as Well as nasal identity 
Within the set of syllabic nasals. The F1-F0 and F2-F1 AMs 
can be computed at 20% and 70% of the duration of the AFs 
syllabic voWels, semivoWels, and nasals (i.e. AMs at 20% 
and AMs at 70%). The F0 measure distinguishes betWeen 
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12 
the voiced and voiceless members of each pair of AFs palatal 
fricative, alveolar fricative, affricate, labial stop, alveolar 
stop, velar stop, and Weak fricative. See Nearey, T. M. and 
Assmann, P. (1986), Modeling the role of vowel inherent 
spectral change in vowel identi?cation, Journal of the 
Acoustical Society of America 80, pp. 1297—1308 (herein 
after Nearey) (the contents of Which are hereby incorporated 
by reference). 

The strings of AFs and AMs determined at 130 are aligned 
at 132, as folloWs: the strings of AFs are aligned such that 
the ith Syllabic VoWel in each string is identi?ed and the ?rst 
voWels in each representation of the spoken phrases are 
aligned, the second voWels in each representation are 
aligned, etc. The alignment of AFs and AMs at 132 can be 
according to the methods disclosed in Fell, H. J ., L. J. 
Ferrier, C. Espy-Wilson, S. G. Worst, E. A. Craft, K. 
Chenausky, J. MacAuslan, and G. Hennessey (2000),Analy 
sis of Infant Babbles by the Early Vocalization Analyzer, 
Presented at the American Speech-Language-Hearing Con 
vention, Nov. 17, 2000; Fell, H. J ., J. MacAuslan, K. 
Chenausky, and L. J. Ferrier (1998), Automatic Babble 
Recognition for Early Detection of Speech Related Disor 
ders, Assets ’98, Proceedings of the Third International 
ACM SIGCAPH Conference on Assistive Technologies, 
Marina del Rey, Calif.; and Fell, H. J., L. J. Ferrier, Z. 
Mooraj, E. Benson, and D. Schneider (1996), EVA, an Early 
Vocalization Analyzer; An Empirical Validity Study of Com 
pater Categorization, Assets ’96, Proceedings of the Third 
International ACM SIGCAPH Conference on Assistive 
Technologies (hereinafter Fell) (the contents of Which are 
hereby incorporated by reference). A conventional Mini 
mum String Edit Distance algorithm can also be used at 132. 
The aligned AF s and AMs of the representations (i.e., text 

form or audio ?le) of the spoken phrases at 132 are com 
pared at 134. For any pair of representations (i.e., text form 
or audio ?le) of spoken phrases, a “degree of confusability” 
is calculated based on closeness of match of the correspond 
ing strings of AFs and AMs. An exact match of AFs coupled 
With a close (less than a “just noticeable difference”) match 
in AMs results in a degree of confusability of 100%, or “the 
representations When spoken are very likely to be recog 
niZed as the same” by a speech recogniZer. A speech 
recogniZer is unlikely to confuse spoken phrases corre 
sponding to the pair of representations of the spoken phrases 
having a loW confusability metric. 
The matching at 134 is performed as folloWs: the aligned 

AFs and AMs of the representations of the spoken phrases 
are compared to score a “match” or a “no match.” An 

acoustic confusability metric as a scale from 0 (maximally 
different) to 1 (maximally same is calculated at 136 accord 
ing to the formula (as described in more detail beloW): 

Confusability=2K/(N+Z\l) (1) 

In formula (1), K is the number of AFs and AMs that 
match out of N AFs and AMs in the ?rst spoken phrase 
representation and M AFs and AMs in the second spoken 
phrase representation, Where a match is de?ned by the rules 
for matching landmarks in accordance With the method 
disclosed in Fell. More particularly, N+M is a total (T) 
number of acoustic characteristics in the sequences of acous 
tic characteristics for both phrases (i.e., T=N+M). Therefore, 
for any pair of spoken phrase representations (e. g., both text 
form, one text form and one audio ?le, or both audio ?les) 
a degree of confusability can be calculated based on close 
ness of match of the sequences of the AFs and AMs 
determined at 130. A metric of confusability provides that 
for K aligned AFs that match exactly and AMs that “match” 
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Within a “Just Noticeable Difference” (JND), out of a total 
of NAFs and AMs in one phrase and M AFs and AMs in the 
other, X=2K/(N+M), X being the metric of confusability. 

FIGS. 4, 5 and 6 show an example of a comparison of the 
audio ?le of utterance “Jill” and the text form of utterance 
“Phil” according to the process of FIG. 3 to predict confus 
ability by a speech recognizer betWeen the tWo utterances 
(spoken phrase representations). In FIG. 4, the AF s and AMs 
for the text form “Jill” are determined using a dictionary 
140. As illustrated in FIG. 4, in “Jill,” measured values at 
voWel onset are F1—F0=80 HZ, F2—F1=1600 HZ; at voWel 
offset, F1—F0=130 HZ and F2—F1=1420 HZ; at semivoWel 
onset, F1—F0=60 HZ, F2—F1=1490 HZ; and at semivoWel 
offset, F1—F0=60 HZ, and F2—F1=1450 HZ. 

In FIG. 5, the AFs and AMs for the audio ?le (conven 
tional recorded speech signals) “Phil” are determined using 
an AF /AM detector 150. The detector 150 can detect the AF s 
and AMs using the methods/softWare disclosed in Liu and 
Salomon. As illustrated in FIG. 5, in “Phil,” measured values 
at voWel onset are F1—F0=70 HZ, and F2—F1=1580 HZ; at 
voWel offset, F1—F0=130 HZ, and F2—F1=1420 HZ; at 
semivoWel onset, F1—F0= 60 HZ and F2—F1=1490 HZ; and at 
semivoWel offset F1—F0=60 HZ, and F2—F1=1450 HZ. 

FIG. 6 illustrates alignment of the AFs and AMs for “Jill” 
and “Phil” (at 132 in FIG. 3). FIG. 6 also illustrates matching 
of the AFs and AMs for the tWo representations of spoken 
phrases “Jill” and “Phil” (at 134 in FIG. 3). A “Match” is 
scored if the AFs are equal and the AMs are Within the JND 
(noted) and a “No Match” is scored if the AFs are different 
and the AMs are outside of the JND (noted). An acoustic 
confusability metric for the tWo representations of spoken 
phrase “Jill” and “Phil” is calculated according to the 
formula (1) (at 136 in FIG. 3). For the JND ranges of 30 HZ 
in 0—500 HZ, 50 HZ in 501—1000 HZ, 70 HZ in 1001—2000 
HZ, 100 HZ in 2001—4000 HZ, and 200 HZ above 4001 HZ, 
the acoustic confusability of “Jill” With “Phil” metric is 
approximately 0.76, as illustrated in FIG. 6. The computed 
acoustic confusability can be used depending on design 
speci?cations, for example, by voice application developers 
to improve grammar of voice user interfaces (i.e., to reduce 
confusability by speech recogniZers used in the voice appli 
cations). 

One advantage of the metric described for measuring 
confusability of representations of spoken phrases from AF s 
and AMs is its simplicity. This simplicity is a direct result of 
the AFs and AMs being chosen to re?ect salient acoustic 
characteristics of speech. Thus much of the Work of deter 
mining acoustic confusability is directly available in the AF 
and AM intermediate representation of any spoken phrase 
representations evaluated for confusability. 

The described second embodiment of the present inven 
tion may be embodied in other speci?c forms. For example, 
the present invention is not limited to using the Salomon AF s 
and Syrdal AMs, and other phonetic features derived from 
spectral analysis of the speech signal (i.e., salient acoustic 
characteristics of speech) can be used. Further, certain AFs 
can be omitted from comparison (matching) to improve the 
comparing, for example, When the speech signals include 
background noise. Therefore, the present invention can 
provide situation independent acoustic confusability infor 
mation (i.e., predict acoustic confusability under adverse 
acoustic conditions). Further, a “match” of AF s and AMs can 
be varied according to a degree of closeness. For example, 
a “match” of the F2-F1 and F1-F0 can be Within the JND 
as described by Nearey. Further, although the exemplary 
second embodiment uses Fell to align and compare the 
acoustic measures, the present invention is not limited to 
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14 
using Fell and other algorithms can be used. For example, 
the second embodiment can use a standard Minimum String 
Edit Distance algorithm for the comparing at 134. 
The second embodiment uses the acoustic characteristics 

of speech (e.g., AFs and AMs) as an intermediate represen 
tation of spoken phrases subject to confusability assessment. 
The second embodiment of the present invention provides 
confusability predictability betWeen any tWo types of rep 
resentations of spoken phrases, Which has applications such 
as, for example, text-enrolling names from an address book 
softWare to a voice-enrolled address book of a voice mes 
saging system, assisting voice application developers in 
developing more accurate/reliable voice user interfaces by 
avoiding using voice commands confusable by the speech 
recogniZer and alloWing voice enrollment of names in a 
voice-enrolled address book and access to voice messages in 
a voice messaging system by users other than the subscriber 
of a mailbox. 

FIG. 7 is a block diagram of an exemplary embodiment of 
a computer system in Which the second embodiment of the 
present invention is implemented. Application control 210 
can be a voice application softWare providing a voice user 
interface, using the speech recogniZer 212 to process voice 
commands. The Application control 210 can execute on the 
platform 200 or execute on other computing devices, such as 
portable computing devices, Wireless telephones or personal 
computers and interact using conventional techniques With 
softWare on the platform 200 to perform voice message 
processing. Confusability detector 214 is softWare executing 
on platform 200 and embodying the methods of the second 
embodiment of the present invention as described above in 
FIGS. 3—6. Confusability detector 214 can use dictionary 
216 When determining the AF s of a text phrase input (at 130 
in FIG. 3). The Application control 210 can, for example, 
use the confusability detector 214 to enroll text names in a 
voice-enrolled name address book database 218. 

The present invention provides a method and system of 
predicting When a speech recogniZer Will confuse spoken 
phrases Where utterances (spoken phrase representations) 
can be represented by any combination of text form (spelled) 
and audio ?le (conventional recorded speech signals). For 
example, the present invention provides a method and 
system of predicting When a speech recogniZer Will confuse 
spoken phrases Where at least one of the representations of 
the spoken phrases is in text form. The present invention can 
be attained by representing a pair of utterances With an 
intermediate representation that directly re?ects the salient 
acoustic characteristics of the utterances When spoken (for 
example, phoneme strings described in connection With the 
?rst embodiment and AFs and AMs described in connection 
With the second embodiment), thereby providing acoustic 
distinctiveness, or inversely, similarity information. The 
intermediate representation is not tied to pre-recorded 
speech signals, thereby providing a method and system to 
predict confusability of spoken phrases that can be speaker 
independent and acoustic condition independent (i.e., con 
fusability may be predicted even When background noise is 
present). More particularly, the present invention’s choice of 
intermediate representation is useful in providing speech 
recogniZer independent (i.e., speaker independent) and situ 
ation independent speech recognition and acoustic confus 
ability information. Further, the present invention can pro 
vide a method and system to predict When a speech 
recogniZer Will confuse text phrases When spoken by 
directly using the text Without converting the text to an audio 
?le (conventional speech signal). 



US 7,013,276 B2 
15 

Although a feW preferred embodiments of the present 
invention have been shown and described, it Would be 
appreciated by those skilled in the art that changes may be 
made in this embodiment Without departing from the prin 
ciples and spirit of the invention. The scope of the present 
invention is de?ned in the claims and the claims’ equiva 
lents. 

What is claimed is: 
1. A process comprising: 
representing each teXt form of tWo spoken phrases With a 

?rst and second strings of phonemes, respectively; 
assigning costs to transform the ?rst string to the second 

string of phonemes according to a speech recogniZer 
confusability of arbitrary pairs of audio ?les; and 

calculating an acoustic confusability measure as a least 
cost, according to the cost assigning, to transform the 
?rst string of phonemes to the second string of pho 
nemes, thereby predicting When a speech recogniZer 
Will confuse the tWo spoken phrases by directly using 
teXt forms of the spoken phrases. 

2. The process according to claim 1, Wherein a dynamic 
programming minimum string edit distance algorithm com 
putes the least cost. 

3. The process according to claim 1, further comprising 
using different cost values for each operation to transform 
depending on the characteristics of phonemes in the strings. 

4. The process according to claim 3, further comprising 
comparing the least cost to a threshold value to predict 
Whether the speech recogniZer Will confuse the spoken 
phrases corresponding to the teXt forms. 

5. A process comprising: 
representing teXt phrases With corresponding strings of 

phonemes; 
calculating an acoustic confusability measure as a least 

cost to transform one of the strings of phonemes into 
another of the strings of phonemes; 

determining and adjusting, using a speech recogniZer, a 
threshold value according to confusability of eXample 
pairs of spoken phrases represented as audio ?les; and 

comparing the least cost to the threshold value to deter 
mine acoustic confusability of the teXt phrases When 
spoken to a speech recogniZer. 

6. A process, comprising: 
representing teXt phrases With corresponding strings of 

phonemes; 
calculating a distance betWeen the strings of phonemes 

using a string edit distance algorithm as a least cost to 
transform according to a series of transformations one 
of the strings of phonemes into another of the strings of 
phonemes; 

determining and adjusting, using a speech recogniZer, a 
threshold value according to confusability of eXample 
pairs of spoken phrases represented as audio ?les; and 

comparing the least cost to the threshold value to predict 
When a speech recogniZer Will confuse spoken phrases 
of the teXt phrases. 

7. The process according to claim 6, Wherein each trans 
formation is assigned a cost depending on characteristics of 
phonemes. 

8. The process according to claim 6, Wherein the trans 
formations comprise insertion of a phoneme, substitution of 
a phoneme With another phoneme and/or deletion of a 
phoneme. 

9. A process comprising calculating an acoustic confus 
ability measure as a least cost to transform a ?rst string of 
phonemes corresponding to a ?rst teXt phrase to a second 
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string of phonemes corresponding to a second teXt phrase, 
the process further comprising: 

determining confusability of eXample pairs of audio ?les 
using a speech recogniZer; 

calculating a confusability threshold value based upon the 
determined confusability, the threshold value compared 
to the least cost to determine When a speech recogniZer 
Will confuse spoken phrases of the tWo teXt phrases. 

10. A computer system, comprising: 
a processor programmed to control the computer system 

according to a process comprising: 
representing each teXt form of tWo spoken phrases With 

a ?rst and second strings of phonemes, respectively, 
assigning costs to transform the ?rst string to the 

second string of phonemes according to a speech 
recogniZer confusability of arbitrary pairs of audio 
?les, and 

calculating an acoustic confusability measure as a least 
cost, according to the cost assigning, to transform the 
?rst string of phonemes to the second string of 
phonemes, thereby predicting When a speech recog 
niZer Will confuse tWo spoken phrases by directly 
using teXt representations of the spoken phrases. 

11. A computer system, comprising: 
a processor programmed to represent teXt phrases With 

corresponding strings of phonemes, to calculate an 
acoustic confusability measure as a least cost to trans 
form one of the strings of phonemes into another of the 
strings of phonemes, to determine and adjust, using a 
speech recogniZer, a threshold value according to con 
fusability of eXample pairs of spoken phrases repre 
sented as audio ?ies, and to compare the least cost to 
the threshold value to determine acoustic confusability 
of the teXt phrases When spoken to a speech recogniZer. 

12. A computer system, comprising: 
a processor programmed to represent teXt phrases With 

corresponding strings of phonemes, to calculate a dis 
tance betWeen the strings of phonemes using a string 
edit distance algorithm as a least cost to transform 
according to a series of transformations one of the 
strings of phonemes into another of the strings of 
phonemes, to determine and adjust, using a speech 
recogniZer, a threshold value according to confusability 
of eXample pairs of spoken phrases represented as 
audio ?les, and to compare the least cost to the thresh 
old value to predict When a speech recogniZer Will 
confuse spoken forms of the teXt phrases. 

13. The computer system according to claim 12, Wherein 
each transformation is assigned a cost depending on char 
acteristics of phonemes. 

14. A computer system programmed to calculate an 
acoustic confusability measure as a least cost to transform a 

?rst string of phonemes corresponding to a ?rst teXt phrase 
to a second string of phonemes corresponding to a second 
teXt phrase, the system further comprising: 

a processor programmed to determine confusability of 
eXample pairs of audio ?les using a speech recogniZer, 
and to calculate a confusability threshold value based 
upon the determined confusability, the threshold value 
compared to the least cost to determine When a speech 
recogniZer Will confuse spoken form of the tWo teXt 
phrases. 

15. Aprocess of predicting When a speech recogniZer Will 
confuse tWo spoken phrases Where tWo utterances corre 
sponding to the spoken phrases in any combination of teXt 
and audio ?le are available to a confusability prediction 
algorithm, comprising: 
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representing each utterance With corresponding sequences 
of acoustic characteristics based on phonetic capabili 
ties of speakers obtained from acoustic signals of the 
utterances; 

aligning the sequences of acoustic characteristics; 
comparing the sequences of acoustic characteristics; and 
calculating a metric of acoustic confusability according to 

a formula 2K/(T), Wherein K is a number of acoustic 
characteristics that match from the comparing and T is 
a total number of acoustic characteristics in the 
sequences of acoustic characteristics for both utter 
ances. 

16. The process according to claim 15, Wherein the 
spoken phrases are in any language. 

17. The process according to claim 16, Wherein the metric 
of acoustic confusability is used in telephony applications. 

18. A process comprising: 
representing tWo utterances that are in any combination of 

a teXt form and an audio ?le With corresponding 
sequences of acoustic characteristics based on phonetic 
capabilities of speakers obtained from acoustic signals 
of the utterances; 

aligning the sequences of acoustic characteristics; 
comparing the sequences of acoustic characteristics; and 
calculating a metric of acoustic confusability according to 

the comparing. 
19. The process according to claim 18, Wherein the 

utterances are in any language. 
20. A process comprising: 
representing tWo utterances With corresponding 

sequences of acoustic characteristics based on phonetic 
capabilities of speakers obtained from acoustic signals 
of the utterances; 

aligning the sequences of acoustic characteristics; 
comparing the sequences of acoustic characteristics; and 
calculating a metric of acoustic confusability according to 

a formula 2K/(T), Wherein K is a number of acoustic 
characteristics that match from the comparing and T is 
a total number of acoustic characteristics in the 
sequences of acoustic characteristics for both utter 
ances. 

21. The process according to claim 20, Wherein the 
utterances are in any language. 

22. A process, comprising: 
representing a ?rst phrase and a second phrase, respec 

tively, With a corresponding sequence of acoustic fea 
tures and acoustic measures obtained from a dictionary 
of acoustic features and a database of prerecorded 
audio ?les; 

aligning the sequence of acoustic features and acoustic 
measures of the ?rst phrase With the sequence of 
acoustic features and acoustic measures of the second 
phrase; 

comparing the aligned ?rst phrase and second phrase 
sequences; and 

calculating a metric of acoustic confusability according to 
the comparing according to a formula 2K/(N+M), 
Wherein K is a number of acoustic features and acoustic 
measures that match from the comparing and N is a 
number of acoustic features and acoustic measures in 
the ?rst phrase and M is a number of acoustic features 
and acoustic measures in the second phrase. 

23. A computer system, comprising: 
a processor programmed to predict When a speech recog 

niZer Will confuse tWo spoken phrases Where tWo 
phrases in any combination of teXt and spoken form are 
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available to a confusability prediction algorithm, 
according to a process comprising: 
representing each phrase With corresponding sequences 

of acoustic characteristics based on phonetic capa 
bilities of speakers obtained from acoustic signals of 
the phrases; 

aligning the sequences of acoustic characteristics; 
comparing the sequences of acoustic characteristics; 

and 
calculating a metric of acoustic confusability according 

to a formula 2K/(T), Wherein K is a number of 
acoustic characteristics that match from the compar 
ing and T is a total number of acoustic characteristics 
in the sequences of acoustic characteristics for both 
phrases. 

24. The computer system according to claim 23, Wherein 
the phrases are in any language. 

25. The computer system according to claim 24, Wherein 
the metric of acoustic confusability is used in telephony 
applications. 

26. A computer system, comprising: 
a processor programmed to represent tWo spoken phrases 

that are in any combination of a teXt form and an audio 
?le With corresponding sequences of acoustic charac 
teristics based on phonetic capabilities of speakers 
obtained from acoustic signals of the phrases, to align 
the sequences of acoustic characteristics, to compare 
the sequences of acoustic characteristics, and to calcu 
late a metric of acoustic confusability according to the 
comparing. 

27. The computer system according to claim 26, Wherein 
the spoken phrases are in any language. 

28. A computer system, comprising: 
a processor programmed to represent a ?rst phrase and a 

second phrase, respectively, With a corresponding 
sequence of acoustic features and acoustic measures 
obtained from a dictionary of acoustic features and a 
database of prerecorded audio ?les, to align the 
sequence of acoustic features and acoustic measures of 
the ?rst phrase With the sequence of acoustic features 
and acoustic measures of the second phrase, to compare 
the aligned ?rst phrase and second phrase sequences, 
and to calculate a metric of acoustic confusability 
according to the comparing according to a formula 
2K/(N+M), Wherein K is a number of acoustic features 
and acoustic measures that match from the comparing 
and N is a number of acoustic features and acoustic 
measures in the ?rst phrase and M is a number of 
acoustic features and acoustic measures in the second 
phrase. 

29. A process, comprising: 
receiving tWo utterances in any combination of a teXt 

form and an audio ?le, the audio ?le having a speech 
signal recorded by any speaker and under any acoustic 
condition; 

representing the tWo utterances With an intermediate 
representation that directly re?ects the salient acoustic 
characteristics of the tWo utterances When spoken; and 

predicting When a speech recogniZer Will confuse the tWo 
utterances When spoken by using the intermediate 
representation of the tWo utterances. 

30. The process according to claim 29, Wherein results 
from the predicting is used in a telephony application. 

31. A computer system, comprising: 
a processor programmed to receive tWo phrases in any 

combination of teXt and spoken form, the spoken form 
spoken by any speaker and under any acoustic condi 
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tion, to represent the tWo phrases With an intermediate 
representation that directly re?ects the salient acoustic 
characteristics of the tWo phrases When spoken, and to 
predict When a speech recognizer Will confuse the tWo 
phrases When spoken by using the intermediate repre 
sentation of the tWo phrases. 

32. The system according to claim 31, Wherein results 
from the prediction is used in a telephony application. 

33. A computer program, embodied on a computer-read 
able medium, comprising: 

an input segment receiving tWo utterances in any combi 
nation of a teXt form and an audio ?le, the audio ?le 

20 
having speech signals recorded by any speaker and 
under any acoustic condition; 

a transformation segment representing the tWo utterances 
With an intermediate representation that directly 
re?ects the salient acoustic characteristics of the tWo 
utterances When spoken; and 

a predicting segment predicting acoustic confusability of 
the tWo utterances When spoken to a speech recogniZer 
using the intermediate representation of the tWo utter 
ances. 
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